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’INTRODUCTION
Maritime transportation is a foundation of the global market.
There are well over 50,000 commercial ships which move goods
around the world among over 300 major ports.
1,2 However, the
ballast water associated with merchant vessel traﬃc is also
responsible for the transfer and introduction of aquatic invasive
species to coastal waters where they can cause enormous
ecological and economic damage.
3 5
In an attempt to minimize the risk of BW introductions, the
International Maritime Organization (IMO
6) and U.S. Coast
Guard (USCG
7) have each proposed discharge standards limit-
ing maximum concentrations of living organisms that can be
released with BW, including new regulations requiring ship
operators to meet those limits. The USCG has proposed to
implement regulations in two phases: phase 1 proposes to set
standardssimilartocurrentIMOstandardsandphase2proposes
standards up to 1,000 times stricter. The IMO and USCG phase
1 standards require BW discharged by ships to contain:
1 Fewer than10 viableorganisms3m
 3g50 μm inminimum
dimension or smallest measure among length, width, and
height excluding ﬁne appendages such as sensory antenna
and setae (the majority of organisms in this size class are
zooplankton).
2 Fewer than 10 viable organisms3mL
 1 <50 μm and g10
μm in minimum dimension. (The majority of organisms in
this size class are protozoa, including zooplankton).
3 Fewer than the following concentrations of indicator mi-
crobes, as a human health standard: (a) toxicogenic Vibrio
cholerae (serotypes O1 and O139) with <1 colony forming
unit3100 mL
 1;( b )Escherichia coli <250 cfu3100 mL
 1;
and (c) intestinal Enterococci <100 cfu3100 mL
 1.
To achieve the above discharge standards, technology devel-
opers and manufacturers around the world are advancing on-
boardBWtreatmentsystems
8,9thatusemethodssuchasﬁltrationþ
UV radiation, deoxygenation, ozonation, and chlorination.
9
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ABSTRACT:Toreduceballastwater-borneaquaticinvasionsworldwide,theInternational
Maritime Organization and United States Coast Guard have each proposed discharge
standards specifying maximum concentrations of living biota that may be released in ships’
ballast water (BW), but these regulations still lack guidance for standardized type approval
and compliance testing of treatment systems. Verifying whether BW meets a discharge
standard poses signiﬁcant challenges. Properly treated BW will contain extremely sparse
numbers of live organisms, and robust estimates of rare events require extensive sampling
eﬀorts. A balance of analytical rigor and practicality is essential to determine the volume of
BW that can be reasonably sampled and processed, yet yield accurate live counts. We
applied statistical modeling to a range of sample volumes, plankton concentrations, and
regulatory scenarios (i.e., levels of type I and type II errors), and calculated the statistical
power of each combination to detect noncompliant discharge concentrations. The model
expressly addresses the roles of sampling error, BW volume, and burden of proof on the
detection of noncompliant discharges in order to establish a rigorous lower limit of
sampling volume. The potential eﬀects of recovery errors (i.e., incomplete recovery and
detection of live biota) in relation to sample volume are also discussed.3540 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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Despite rapid technological advancement, the regulatory frame-
work around BW treatment and discharge is still emerging. In
contrast, more mature regulations such as the National Primary
Drinking Water Regulations have, for many years, required the
use of speciﬁc test protocols by certiﬁed laboratories for validat-
ing treatment eﬃcacy.
10 At present, there are no such codiﬁed
test procedures designed for validating the eﬀectiveness of BW
treatment systems, either on land-based test beds or aboard
working ships.
The formulation of standardized BW treatment testing pro-
tocols is essential if shipboard BW treatment technologies are to
be widely implemented and discharge standards are to be
enforced. The success of BW regulations for reducing biological
invasions will depend, in large part, on whether (a) approved
treatment systems do in fact reduce organism concentrations to
thespeciﬁedstandardsand(b)individualshipsareincompliance
with the standards.
11,12 This requires the ability to reliably
quantify very few living organisms in large volumes of water.
Enumeration methods are frequently used for quantifying
particles and microorganisms in drinking water. Emelko et al.
13
showed that even when using certiﬁed sampling and analytical
protocols, enumeration of Cryptosporidium oocysts in drinking
watercanyieldvariableresultsduetotwosourcesofuncertainty:
(1) sampling error and (2) analytical recovery error. The
sampling and analysis of BW are prone to the same kinds of
error (see Supporting Information for detailed summary of
sampling and recovery errors associated with BW discharge
analyses). In the absence of standardized sampling and analytical
protocols, currently available data are insuﬃcient to create a
comprehensive model that quantiﬁes all sources of uncertainty
for BW discharge analysis, as has been possible for drinking
water.
13,14
Although we are not yet able to parameterize all potential
sources of error, we present a theoretical model that is designed
speciﬁcally to ascertain the baseline sample volumes required to
robustly discern noncompliant zooplankton concentrations un-
deridealsamplinganddetectionconditions,therebyestablishing
a rigorous lower limit (or minimum threshold) for sampling
eﬀort. This is a crucial ﬁrst step toward establishing robust
sampling procedures for BW regulations that are veriﬁable and
eﬀective,
15,16 as these do not currently exist. Our goal is to
provide formal evaluation and guidance on minimum sampling
eﬀort to verify BW concentrations, since additional error can
never decrease the sampling eﬀort required under the optimized
Poisson model presented (which represents the best case
scenario). As subsequent studies quantify the various sources
of additional error, especially recovery errors, sample volumes
should be adjusted to reﬂect these measures.
In this study, we focus on IMO and USCG proposed phase 1
standards(hereafter“IMOstandard”)andorganismsofg50μm
minimum dimension (hereafter “zooplankton”) to (1) charac-
terize the uncertainty associated with estimating the concentra-
tionof organisms inBWduetothestochasticnatureof sampling
BW (i.e., sampling error); and (2) demonstrate, using speciﬁc
examples, how various regulatory decisions regarding rates of
both type I (i.e., false positive) and type II (i.e., false negative)
errors
17 aﬀect the sample volumes needed to verify organism
concentrations. In particular, we estimate the statistical power to
detect BWconcentrations that exceedthe current IMO standard
of <10 organisms3m
 3 using diﬀerent sample volumes and
regulatory scenarios. As discussed above, we focus only on the
sampling error expected from BW discharges, since sampling
error should represent a signiﬁcant source of uncertainty, espe-
cially at low concentrations.
’METHODS
Of primary concern is characterizing the sampling eﬀort
necessary to quantify live zooplankton concentrations in BW
in order to reliably classify BW as noncompliant (g103m
 3)o r
compliant (<103m
 3), with high statistical conﬁdence. Impor-
tantly,thissamplingeﬀortmustbefeasiblegiventherealitiesand
logistic constraints speciﬁc to BW treatment system testing and
ship compliance monitoring. Furthermore, BW veriﬁcation and
compliance testing also require that several decisions be made at
theregulatorylevel,especiallyifstandardizedsamplingprotocols
are to be developed.
One regulatory decision is how best to handle the inherent
uncertainty associated with sampling discharge concentrations,
even when using the best sampling protocols. There are at least
two philosophies concerning the regulation of BW discharge,
which diﬀer according to where the burden of proof is placed.
The ﬁrst is based on the presumption of innocence until proven
guilty, which places the burden of proof on the regulator. In this
context, a random sample of ballast discharge may contain >10
zooplankton3m
 3 and still pass inspection as long as the sample
is not statistically signiﬁcantly g10 zooplankton3m
 3. An alter-
native is to place the burden of proof entirely on the regulated
entity, whereby a ship with a measured zooplankton concentra-
tion that is not statistically signiﬁcantly <103m
 3 is presumed
guilty until proven innocent. We use the “presumed innocent”
approach in the examples presented in this paper, however, the
general methods we describe will apply to other approaches.
Given this, treated BW is assumed to have a concentration <10
zooplankton3m
 3 until proven otherwise, thus the null hypoth-
esis is as follows:
(Ho): Concentration of live zooplankton in treated ballast
water is <10 zooplankton3m
 3.
At present neither the IMO nor USCG have voiced guidance
on which approach will guide regulatory actions, but the
approach that is used may depend on the setting and the kind
of testing being carried out. For compliance monitoring of
individual ships, the “presumed innocent” approach may be
preferred. Because a high degree of certainty may be desired
for type approval testing of treatment systems (type approval is
theprocessoftestingequipmenttoensurethatitmeetstechnical,
safety,andregulatoryrequirements),itmaybereasonableforthe
burden of proof to be on the manufacturer or ship (i.e.,
“presumed guilty”).
Regardless of the approach, regulators must also deﬁne a
standardforhowextremedatamustbebeforethenullhypothesis
is rejected. In statistical terms, this refers to the type I error rate,
R.
17 In the scientiﬁc arena, the typical standard is R = 0.05,
however, there is no theoretical reason to assume this should be
the default standard for BW regulation, and in fact, this value is
often debated in scientiﬁc literature. In regard to ballast dis-
charge, if the “presumed innocent” approach is used, then larger
R values will result in more ships being falsely accused of
exceeding the limit (i.e., increased false positives). For the
examples in this paper we explore how R values of 0.05 and
0.20 aﬀect sample volume.
Given the statisticalframework described above (i.e., R = 0.05
or 0.20 and a “presumed innocent” approach), we estimated the
likelihood of detecting BW with various concentrations that3541 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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exceed the standard. In statistical terms, this is referred to as
“power”(Figure1).Tobeenvironmentallyprotective,regulators
must determine the statistical power that is required to ade-
quately enforce BW discharge standards. Low power occurs
when the exceedance is small or when sampling is insuﬃcient to
yield adequate precision for detecting even a large exceedance.
18
From the vantage point of environmental protection, low power is
ofgreatconcernbecausesamplingresultscanfalselysuggestthatno
signiﬁcant threat is present.
19 Insuﬃcient sampling that yields low
powercanresultinafalsesenseofsecurity,therebyunderminingthe
intended goals of a testing or monitoring program. To understand
which sampling designs maximize power (and optimize sampling
eﬀort), we calculated statistical power for a variety of sampling
eﬀorts and zooplankton concentrations that exceed the compliance
concentration of <10 zooplankton3m
 3. A power value of 0.80 is
frequently considered suﬃcient to reliably detect statistical diﬀere-
nces.
18,20Nevertheless,DiStefano
21arguesthattheselectionofstati-
stical parameters should be based on the respective costs of false
positives(i.e.,classifyingBWasnoncompliantwhenitactuallymeets
the standard) and false negatives (i.e., failing to identify BW that
exceeds the standard). We use power values of 0.8 as a reference for
comparisonamongsamplingscenarios,butreportresultsfromarange
of values that correspond to power values ranging from <0.1 to 1.0.
Approach.Atwo-stagesamplingmodelwasappliedtoarange
of hypothetical sample volumes, plankton concentrations, and
regulatory scenarios (i.e., levels of type I and type II errors).
Power to detect noncompliant discharge concentrations from the
proposed discharge standard was calculated for each combination.
Stage1assessescompliancebasedonasinglesampleandisexpected
tobemostusefulwhenthedegreeofnoncomplianceislarge.Stage2
combines several independent samples to assess compliance and is
expected to improve discrimination when actual concentrations are
close to, but still exceed, the discharge standard.
Assumptions. If zooplankton are randomly distributed through-
out BW discharge (i.e., the presence of one individual does not
influence the presence or absence of others), then the Poisson
distributioncanbeusedtoaccuratelypredictsamplingprobabilities.
This is because integrating a nonhomogenous Poisson process
resultsinaPoissondistributionwhichhasameanequaltothemean
concentration in the discharge.
22 We employ the following postu-
lates when applying the Poisson distribution to BW discharge: (1)
the probability of having some number of organisms in one volume
is independent of the number in other discrete volumes; (2) the
probability of a single organism in a sample is proportional to
the volume of the sample; and (3) the probability of two or more
organisms in a very small volume is negligible.
The assumption that biota will be randomly distributed through-
outdischargeislikelyoptimistic,sinceitpresupposesthatorganisms
are independent of one another in a BW discharge. Planktonic
organisms in BW tanks are known to exhibit complex, yet un-
predictablespatialstructureowingtodiversityofballasttankdesign,
operation, content, physical mixing that occurs in tanks, and
biological interactions and swimming behavior of plankton.
23
Furthermore, some biota are known to aggregate, such as colonial
or chain-forming phytoplankton (see Table S1, Supporting In-
formation). Appropriate sampling designs may help ameliorate the
eﬀectsofaggregationthough(seebelow).Nevertheless,assuminga
Poisson sampling distribution will provide the best case scenario
withrespecttorequiredsamplevolumes,therebyestimatingalower
volumetric limit for what is necessary and suﬃcient to characterize
BW discharge. When organisms are aggregated, estimates of con-
centrations will be more variable, and consequently larger sample
volumesmustbetakentoobtainreliableestimatesofconcentration.
The land-based testing centers that are currently evaluating
ballast treatment systems circumvent this problem by using in-
line sampling of the ballast discharge pipe to collect a represen-
tative sample of the entire discharge.
24 In this case, the Poisson
distribution can theoretically be used to accurately predict
sampling probabilities, but the sample must be well-mixed if an
additionalsubsamplingstepisperformed.Forship-boardtesting,
time-integrated sampling of the entire discharge is probably not
possible; however, the problem of aggregation may still be
mitigated by sampling at several time points during discharge.
Alternatively, if only a single discrete sample is taken from the
discharge pipe, it may be indicative of the instantaneous concentra-
tion of discharge, but will not necessarily accurately estimate the
Figure 1. Poisson sample distribution for a population with a concentration that meets the discharge standard of <10 zooplankton3m
 3 (blue curves)
and a theoretical test population with a concentration of 14 zooplankton3m
 3 (black curves) for sample volumes of 1 m
3 and 7 m
3. Gray shading (β)
indicatesregionswhereconcentrationscannotbedistinguished.RedverticallinesindicatethenoncompliancethresholdforR=0.05(Table1);random
samples that are e noncompliance threshold are classiﬁed as compliant with discharge standards based on our deﬁnition that ballast is “presumed
innocent”.Whentheconcentration ofballastdischargeis14zooplankton3m
 3,nearly70%of1m
3samplevolumeswillresultinfalsenegatives(power
≈ 0.30 or 1   β). About 8% of 7-m
3 sample volumes will result in false negatives (power ≈ 0.92).3542 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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mean concentration of the entire BW discharge. More empirical
researchisnecessarytodeterminehowtheaggregationoforganisms
in BW aﬀects sample estimates. In the examples that follow, we
assume that organisms are randomly distributed throughout BW or
that sampling protocols that eliminate or mitigate this problem are
used, and thus can be modeled using the Poisson distribution. Our
assumptions include the following:
1 The BW sample is time-integrated and proportional to the
discharge ﬂow to control for any underlying spatial/
temporal structure of organism distribution.
2 The total BW sample volume is processed.
3 All live organisms g50 μm are captured and detected (i.e.,
recoveryerrorisnegligible;TableS1,FigureS1,Supporting
Information).
Equations. Poisson Probability and Statistical Power
25 27
P½X ¼ x ¼
e mmx
x!
x ¼ 0,1,2:::m>0 ð1aÞ
P½X e c ¼∑
c
x¼0
e mmx
x!
ð1bÞ
p ¼ P½X>c  ¼1   P½X e c ð 1cÞ
where X = a random variable taking values x where x = non-
negative integer (i.e., 0, 1, 2..., where X represents the count
observedinasampletakenfromapopulation);e=baseofnatural
logarithms; m = mean of Poisson distribution (i.e., true concen-
tration of organisms in discharge); c = count of organisms at the
noncompliance threshold for a given R and sample volume
(Table 1); p = the probability of exceeding c. In this application,
p is the false positive rate (R) when the BW is compliant and is
power when BW is noncompliant with the discharge standard, i.e.,
P½X>c jnull hypothesis true  ~ ¼R ð2aÞ
P½X>c jalternate hypothesis true ¼power ð2bÞ
Applying Sampling Statistics. Using the Poisson distribu-
tion,
25 27 we modeled the probability that a random sampling
unit of ballast discharge will contain a specific number of
organisms(eqs1aand1b).Forexample,ifthetrueconcentration
of ballast discharge is 5 zooplankton3m
 3, the probability that a
random sampling unit (1 m
3) will contain 0 organisms is 0.0067
(eq 1a). Alternatively, the probability that a sampling unit will
contain e3 organisms is 0.265 (eq 1b). (See Supporting
Information 1 for example calculations.) The units for this
parameterization of the Poisson distribution equal the number
oforganisms persamplingunit.Toconverttoconcentration, the
total count is divided by the total sampling unit volume.
Stage 1 (Single Trial Analysis). Inherent uncertainty around
sampling data is reduced by sampling larger volumes.
17 We
determined how increased sample volume improves the ability
to identify sample concentrations that exceed the IMO standard
of <103m
 3. We compared the sampling distribution of a
zooplankton concentration of <103m
 3 to sampling distribu-
tions obtained from theoretical populations with concentrations
g10 zooplankton3m
 3 in order to calculate statistical power,
based on the Poisson distribution described in eq 1a.
In our framework, a sample of ballast discharge must be
statistically signiﬁcantly g10 zooplankton3m
 3 to be classiﬁed
as noncompliant. The noncompliance threshold represents the
maximum number of organisms that are likely to occur in a sam-
ple if the concentration does not exceed the standard (Figure 1)
givenourpredeterminedRvalues.Thesenoncompliancethresh-
old values (Table 1) were determined (eq 1b) by summing the
probabilities of obtaining counts from 0 to x, given a true
concentration of 103m
 3, until the cumulative probability just
exceeded 0.95 (R = 0.05) or 0.80 (R = 0.20). Statistical power
was calculated for each R value to determine how reliably popu-
lation concentrations ranging from 10 to 20 zooplankton3m
 3
could be discriminated from populations of <10 zooplank-
ton3m
 3 (eq 1c) for sample volumes of 0.1, 1, 3, and 7 m
3.
Singletrial analysesmaybethe onlytractablesamplingapproach
available on working ships, and best suited for detecting large
exceedances of the discharge standard.
Stage 2 (Multiple Trial Analysis). An alternative approach for
gauging the efficacy of a treatment system is to pool the results
from multiple independent ballast trials and to examine them
simultaneously. The simplest, and arguably most powerful,
approach for evaluating multiple tests relies on the fact that
Poisson distributions are additive and generate a summed
Poisson distribution.
22,27 For example, the total number of
zooplankton from two 4-m
3 trials would be summed and
compared to a Poisson distribution where mean and variance =
80 (i.e., the expected count for a 10 zooplankton3m
 3 discharge
standard and total sample volume of 8 m
3). To determine how
summing the results from multiple trials affects statistical power,
we calculated the probability of identifying noncompliant con-
centrations of 11 14 zooplankton3m
 3 for 1 15 independent
trials, using 7-m
3 sample volumes. For each total sample volume
(7 105 m
3), we calculated a noncompliance threshold value,
based on the upper probable count expected in samples with
concentrations of 10 zooplankton3m
 3 (R = 0.05 in this
scenario). Power was calculated by determining the predicted
proportion of samples with counts greater than noncompliance
threshold values (eqs 1a 1c). Multiple test trials may be most
feasible on land-based test beds, which have fewer logistical
constraints than ships, and allow for more controlled and
repeated sampling and analysis.
Application of Model to BW Treatment Test Results. To
demonstrate the potential practical utility of this statistical
approach, we applied our analysis to discharge data from tests
Table 1. Noncompliance Threshold Values for r = 0.05
and 0.20; If Sample Counts or Concentrations Exceed the
“Noncompliance Threshold” the Discharge Is Statistically
Unlikely To Be Compliant with the IMO Discharge Standard
(<10 zooplankton3m
 3)
noncompliance threshold
R = 0.05 R = 0.20
sample
volume (m
3)
count
(N)
concentration
(zoo3m
 3)
count
(N)
concentration
(zoo3m
 3)
1 15 15.0 13 13.0
3 39 13.0 35 11.67
7 84 12.0 77 11.0
14 160 11.43 150 10.71
21 234 11.14 222 10.57
28 308 11 294 10.50
35 381 10.89 366 10.463543 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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of three BW treatment systems. The tests were conducted at the
Maritime Environmental Resource Center (a test facility at the
Port of Baltimore, Maryland, USA) to evaluate compliance with
the IMO discharge standard. For each treatment system, tests
occurred in 4 5 replicate trials, and all live zooplankton were
enumerated from 5-m
3 time-integrated samples for each trial.
Using the zooplankton counts, we analyzed per-trial results and
composite results using the summed Poisson method.
28 30
Importantly, while actual BW treatment system data are used
as examples to test our model, it was not our goal to draw
conclusions on the performance of any particular system or
approach.
’RESULTS AND DISCUSSION
Single Trial Analyses. For sample volumes of 1, 3, and 7 m
3,
the noncompliance threshold concentrations are 15.0, 13.0, and
12.0 zooplankto3m
 3, respectively, if R = 0.05, and 13.0, 11.7,
and 11.0 if R = 0.20 (Table 1). When zooplankton concentra-
tions (10 203m
 3) were modeled under the Poisson distribu-
tion(eqs1aand1b)atfoursamplingefforts(0.1,1,3,and7m
3),
we observed substantial increases in power to discern statistical
differences between noncompliant and compliant (<10 zoo-
plankton3m
 3) concentrations (eq 1c) with larger sample
volumes (Figure 2). When R = 0.05, for a 1-m
3 sample volume,
zooplankton concentrations must be g203m
 3 before the
statistical power of the test to correctly identify a noncompliant
tank exceeds 0.8. Increasing R to 0.20 effectively reduces the
“benefit of doubt” that ships are afforded; in this case, for a 1-m
3
sample volume, zooplankton concentrations must be g183m
 3
before statistical power exceeds 0.8. For R = 0.05, when sample
volume is increased to 3 m
3, zooplankton concentrations of 15
and 183m
 3 can be differentiated from the discharge standard
with power = 0.8 and 0.98, respectively. Further power gains are
achievedwhensamplevolumeisincreasedto7m
3:power=0.92
for a concentration of 143m
 3 and near certain detection is
expected for concentrations above 153m
 3 (Figure 2). Not
surprisingly, further increasing sample volumes provides greater
precision and confidence; however, additional gains in precision
with incremental increases in volume diminish beyond 7 m
3
(Table 1) and the likelihood of nontreatment effects (i.e.,
increased mortality) with extended sampling and analysis is
expected to increase.
Inasingletrial,ifzooplanktonconcentrationexceeds thenon-
compliance threshold, one can reliably infer (with high statistical
conﬁdence) that the mean concentration of the discharge exceeds
the standard (see Table 1). As discharge concentrations approach
10 zooplankton3m
 3, it becomes progressively more diﬃcult to
diﬀerentiate compliant from noncompliant samples. Since single
trial volumes cannot be increased indeﬁnitely, it becomes necessary
to combine trials for further gains in statistical power.
Although we have chosen to concentrate exclusively on
sampling error in order to help deﬁne the lower limits of sample
volume, analytical recovery errors can introduce uncertainty that
will inﬂuence enumeration and the required sample volume.
13,14
Recovery errors are expected to result in under-counting rather
than over-counting (i.e., sample bias, Table S1). Although
existing BW testing data are insuﬃcient to accurately parameter-
ize recovery errors, we investigated how hypothetical rates of
zooplankton recovery (100, 90, 75, and 50%) strongly aﬀect the
power to detect noncompliance. As expected, the putative eﬀect
of incomplete recovery is most pronounced for smaller sample
volumes and concentrations that are near the discharge standard
(Figure S1).
MultipleTrialAnalyses.Usingrepeated,independenttrialsof
a BW treatment system provides a more robust test of perfor-
mancethanasingletrialformultiplereasons.Repeatedmeasures
are needed to test consistency in performance under a range of
conditions. Less appreciated is the potential use of a summed
Poisson analysis, whereby integrative sampling allows zooplank-
ton counts from multiple trials to be added together, providing a
cumulativeprobabilitybasedontotalvolumesampled(Table1).
This approach can overcome many critical limitations of volume
and handling time for single trials. Using this summed Poisson
technique, statistical power exceeded 0.8 when comparing con-
centrations of 14, 13, and 12 zooplankton3m
 3 (with 1, 2, and 3
trials respectively; 7 m
3 per trial; R = 0.05) to the discharge
standard (Figure 3). Nearly 100% power was achieved for all
three test concentrations with7 trials (total volume = 49 m
3).As
concentrations approach the discharge standard, more trials are
required before power exceeds 0.8. When the 11 zooplankton3
m
 3 concentration was examined, 10 trials (70 m
3) were
required to attain a power of 0.8 when R = 0.05 (Figure 3).
When small sample volumes are used, there is a high probability
of mistakenly attributing observed counts to a compliant con-
centration due to extensive overlap of concentration distribu-
tions, with either a single trial or the summed Poisson approach.
Forexample,withasamplevolumeof0.1m
3thepowertodetect
a moderate exceedance (143m
 3 or 40% above the IMO
standard) is very low (∼0.05). Even when ten trials are com-
pleted, power to detect exceedance is still low (∼0.35)
(Figure 2). However, increasing sample volume from 0.1 or 1.0
to 7 m
3 enables robust differentiation (power > 0.9) of non-
compliant zooplankton concentrations of 143m
 3 and greater
from the IMO standard.
The application of the summed Poisson approach is simple
and can be applied iteratively as test results become available. If
Figure 2. Power of the Poisson one-sample test to detect noncompli-
ancewithadischargestandardof<10zooplankton3m
 3asafunctionof
sample volume (0.1, 1, 3, or 7 m
3), discharge concentration (10 20
zooplankton3m
 3), and R = 0.05 and 0.20.3544 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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sample volume per trial is set at 7 m
3, then compliant and
noncompliant tests will often be apparent after a single test. In
cases where results are very close to compliance thresholds,
multiple trials may be necessary before success or failure can be
fully assessed.
When the summed Poisson method was applied to test data
from three diﬀerent BW treatment systems, results were readily
interpretedatthe per-trial and multipletriallevels.Althoughtwo
systems yielded mixed results in which some trials positively
rejected the null hypothesis and others did not, when summed
Poissonwasapplied,noncompliancewiththedischargestandard
was unequivocal (Table 2).
In addition to land-based testing currently underway, BW
treatment systems on ships will require shipboard evaluations to
(1) verify initial performance, and (2) ensure that treatment
consistently meets the standard throughout the vessels’
lifetime.
15 The summed Poisson method permits rapid and
robust analyses of results and can, in some instances, provide
extremely prompt performance feedback.
In all probability, identical or similar systems will be installed
on multiple vessels. Because discharge standards are concentra-
tion-based, they apply to all vessel types, regardless of the
environmental conditions of operation. If sampling protocols
are standardized across vessels and meet the assumptions
described above, then results from multiple vessels might also
beconsideredasindependenttestsofthesametreatmentsystem.
UnderthesecircumstancesthesummedPoissonapproachallows
individual installations to be assessed separately, thereby provid-
ing speciﬁc information about the performance of speciﬁc
installations (single vessels) across time. Alternatively, the ﬂeet
can be assessed as a whole, yielding more generalized perfor-
mance information on the treatment system across platforms.
Although detailed sampling and analysis may not be feasible
for frequent, routine, or continuous compliance monitoring of
operational BW treatments systems,
15 there will likely be a need
for targeted, comprehensive biological assessments of high-risk
vessels entering ports. Results from the present analyses indicate
that 7-m
3 time-integrated samples may provide a reasonable
balance of statistical power and logistic achievability when
applied to zooplankton discharge. When applied to actual BW
treatment test facility results, the summed Poisson approach
providedclear-cutresults,evenatsamplevolumesof5m
3.Given
the apparent power of this testing protocol, one course of action
would be to conduct selected but infrequent biological assess-
ments of BW interspersed with continuous, automated monitor-
ing of treatment system mechanical operations and indirect
measures of treatment performance, such as changes in BW
physicalorchemicalconditions.
15Ourapproachiswellsuitedfor
discharge testing of zooplankton (biota g50 μm in dimension)
at the IMO discharge standard. In theory, the same basic
statistical treatment should apply to organisms in the regulatory
size class (g10 and <50 μm in minimum dimension—but
admonishments concerning colonial or chain-forming phyto-
plankton on aggregation must be considered, see Table S1 and
references therein), with sample volume and threshold lowered
to account for higher concentration allowed in the discharge
standard (<10 viable organisms3mL
 1), and assuming viable
organisms can be as readily detected and diﬀerentiated from
dead.
31,32 Phase 2 discharge standards proposed by USCG are
eﬀectively up to 1000 times more stringent than phase 1, and if
implemented, will clearly require protocols (and sample
volumes) that diﬀer from what is presented here. Indeed, more
sophisticated technologies for use in BW sampling, biological
detection, biological viability analysis, and enumeration may be
necessary for compliance testing at the USCG phase 2 standard
level. Furthermore, while other sources of error must be ad-
dressed to identify proper sample volume thresholds (see Sup-
porting Information) regardless of the discharge standard, this
likely becomes even more important as the discharge standard
becomes more stringent. There are various criteria that must
be considered in establishing robust sampling protocols and
methods. However, the statistical approach that is ultimately
used to enforce ballast water discharge standards will inﬂuence
Figure3. PoweranalysisofthesummedPoissonmethodforidentifying
BW concentrations that exceed adischarge standard of10 zooplankton3
m
 3 using multiple, 7-m
3 sample volumes from independent trials,
R = 0.05.
Table 2. Summed Poisson Analysis Applied to Three Treatment Technologies
a
aAll trials employed 5-m
3 time-integrated sampling from discharge pipe. All technologies were evaluated based on individual trial results and the
combined trial results. Red shadingindicates noncompliance and greenindicates compliance with IMOdischarge standard for zooplankton (R=0.05).3545 dx.doi.org/10.1021/es102790d |Environ. Sci. Technol. 2011, 45, 3539–3546
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the ecological and economic outcomes of these regulations.
Consequently, it is imperative that the statistical aspects of the
samplingprotocolsbedeﬁned.Forexample,itwillbenecessaryto
identify the thresholds used to classify ballast discharge as
compliant or noncompliant based on the chosen R value and
enforcement approach. Thus, if all the organisms in 1 m
3 of BW
are counted, and a “presumed innocent” approach is used with R
= 0.05, then a ship would be classiﬁed as compliant if e15
organisms were counted. However, if a “presumed guilty”
approach is used with the same parameters, then a ship would
be classiﬁed as compliant if e4 organisms were counted. Cur-
rently our understanding of how large an inoculation must be to
achieve a successful invasion remains coarse.
12 A ﬁrmer compre-
hension of dose response relationships and invasion success
could inform us about which regulatory approach is most appro-
priate, as well as whether it is crucial to diﬀerentiate concentra-
tions that are very close to, but still exceed proposed discharge
concentrations. Unfortunately, such biological information is
diﬃcult to collect and strong generalities remain elusive. Given
theprofoundinﬂuencethatthesevariablescanhaveonregulatory
outcome, the consequences of regulatory decisions must be
described clearly.
In the end, it is necessary for regulators to determine the level
ofenvironmentalprotectionthatisacceptableinaccordancewith
scientiﬁc evidence and societal needs and desires. In the case of
BW-borne biota, the scientiﬁc component of decision-making
includes a speciﬁc set of target discharge standards as well as
guidance about the required stringency of tests and/or monitor-
ing procedures to provide suﬃcient conﬁdence that discharge
standards are achieved. Scientiﬁc analyses can inform policy
makers about the levels of uncertainty associated with testing
and monitoring protocols, but regulators must determine how
much uncertainty is acceptable.
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